Adopting Just and Pope (1978, 1979) style yield functions, this paper proposes a new method to analyze the impacts of regional climate change on grain production in China. We find that changes in climate will affect grain production in North and South China differently. Specifically, it emerges that a 1°C increase in annual average temperature could reduce national grain output by 1.45% (1.74% reduction in North China and 1.19% reduction in South China), while an increase in total annual precipitation of around 100 mm could increase national grain output by 1.31% (3.0% increase in North China and 0.59% reduction in South China).
INTRODUCTION
Farmers usually have no knowledge of the precise output when they make their production decisions, which is mainly due to the fact that agriculture in general has a long production cycle and is affected by a large number of endogenous and exogenous uncertainty factors (Just and Pope 1979; Kumbhakar and Tsionas 2008; Meyer and Yu 2013) . The prevailing climate conditions for instance are important sources of uncertainty because factors such as temperature or precipitation are characterized by inter-annual variability, part of which can be explained by gradual shifts in mean climate conditions caused by global climate change, whereas another part is constituted by seemingly random fluctuations. Since the precise patterns of the variations are beyond farmers' control and their predictive capabilities, production risk emerges.
To our knowledge, currently no study exists that covers the influences of climate factors on both the general production conditions and on the level of production risk in the context of Chinese grain farming, even though the impacts of food security issues in China on both domestic and world food markets can be substantial (von Braun 2007) . Yu and Zhao (2009) and Tian and Yu (2012) provide good reviews of the existing studies on agricultural production in China. However, with the exception of Zhang and Carter (1997) , Wang et al. (2009) , Mendelsohn (2009) , and Chen et al. (2013) most studies have not explicitly considered climate factors in their analyses of the state and prospects of Chinese agriculture. The issue of output risks receives even less attention. The world climate is changing (Christensen 2007; Parry et al. 2007; Shortle et al. 2009 ) and the consequences of this are expected to be considerable. However, the various studies on the impacts of climate change on agricultural production produce a multitude of different results. Some studies for instance find that increases in temperatures could benefit agricultural production in some developed countries, such as the US (Mendelsohn and Dinar 2003; Deschênes and Greenstone 2007; Shortle et al. 2009) or Germany (Lippert et al. 2009 ). Others conclude that global warming could harm agricultural production in many developing countries in Africa and South America (Féres et al. 2008; Mendelsohn 2009 ). Regarding China, Mendelsohn (2009) finds that global warming could be harmful to famers in general by reducing their revenues, while Wang et al. (2009) conclude that global warming is only harmfaul to farmers without access to irrigation, whereas it is beneficial to farmers with access to irrigation. In addition, Chen et al. (2013) find that the contribution of climatic factors is positive and significant to grain production in China in [2005] [2006] [2007] [2008] [2009] . Wang et al. (2010) , who provide a comprehensive review regarding the impact of climate change on Chinese agriculture, however warn that the overall net effects on production and rural income heavily depend on the assumed climate change scenario and the modes of production.
Regarding the future development of East Asia's climate, it is expected that both annual average temperatures and total annual precipitation levels as well as climatic variability could increase (Christensen et al. 2007) . In particular, the increase in China's annual average temperature could be as high as 2.3-3.3°C by 2050, whereas the national precipitation level could increase by 5-7% until then (Wang et al. 2010) .
As a result of the country's exposure to the East Asian monsoon, its climate and particularly precipitation patterns are already characterized by a high degree of variability (Tao et al. 2004) , which frequently leads to droughts and floods (Smit and Cai 1996) . The expected increase in climatic variability implies that even more extreme climate events are likely to occur in the future.
These changes will likely have profound impacts on Chinese agriculture. Hence, the main objectives of this paper are to develop a method, which uses Pope (1978, 1979) style yield functions to analyze (1) how climate change affects the expected grain output in China and (2) how the level of output risk immanent in grain farming is affected. In contrast with several prior studies, which adopt Just and Pope style functions for climate change impact assessments (e.g., Chen et al. 2004) , we also control for the influences of regu-lar input factors in the production process. We use a data set for a panel of 26 Chinese provinces comprising variables relevant for grain production and climate information from 1985 through 2009.
MODELS AND ESTIMATION APPROACHES

Background of the models
In the current literature, the production function and the Ricardian approach are the two predominant approaches to estimate the economic impacts of climate change. The Ricardian approach, which analyzes the influences of climate factors and other exogenous variables on the productivity of farmland as measured by land rent (Lippert et al. 2009 ), land value (Féres et al. 2008) , net revenue per unit of land (Mendelsohn and Dinar 2003; Mendelsohn 2009) or profit per unit of land (Deschênes and Greenstone 2007; Wang et al. 2009 ), has frequently been applied in recent years. However, when using this approach, heterogeneities related to unobserved variables are often embedded in the error terms. Certain inputs (e.g., fertilizers), landscape features, or soil characteristics can be correlated with climate variables and can thus cause endogeneity problems in regressions, which lead to inconsistent estimation results (Deschênes and Greenstone 2007). Moreover, it is a fact that the agricultural land in China is equally distributed to farmers and that there is no open market for farmland, so that neither rents nor values of farmland can be observed. Nevertheless, in a study on China, Wang et al. (2009) use the Ricardian approach to analyze farmers' net income. However, since some important variables, such as the land prices or land rents and food prices, are not included, their results might be biased.
The production function approach, which has the advantage that it provides a good structural form, in turn suffers from the drawback that it, as pointed out by Deschênes and Greenstone (2007) , cannot incorporate farmers' adaptations to climate change, which may bias the estimates with respect to long-run climate influences. However, this approach has the benefit that it can be used to study the impacts of climate change on output levels and output fluctuations (i.e., risks), which are of great importance as it comes to food se-curity considerations.
In light of the above facts, we resort to estimating aggregate grain yield with climate factors and normal agricultural inputs as independent variables. This represents a mixed approach as it on the one hand provides a structural model that enables us to analyze output quantities and risk levels, and on the other hand allows us to overcome some of the inflexibility that puts the production function approach at a disadvantage to the Ricardian approach. The reason for this is that combining all grain varieties in an aggregate output variable implies that farmers' possibilities to change their cultivated grain variety in response to a changing climate are accounted for.
Base model
In this study, following the discussions about production functions by Yu and Zhao (2009) , Tian and Yu (2012) , Yu (2012) and Chen et al. (2013) , we draw on the Cobb-Douglas functional form to specify the basic model as follows: (1) Where y it is the grain yield in region i in year t, x kit is the input quantity of factor k per unit of land area under grain cultivation in the respective region and year, a k are the parameters to be estimated with respect to the various conventional input factors. h(C it ) in turn is a function of climate variables, which models the impacts of a vector of climate variables (C it ) on grain yield and thus turns the model into a weather and input yield function similar to the function used by Zhang and Carter (1997) and Chen et al. (2013) . Finally, ε it is a normally distributed error term.
The model however needs to be adjusted in the presence of yield risks, which doubtlessly affect agricultural production, and which can be assumed to take the form of heteroskedasticity in the yield function (Just and Pope 1979) . The most important issue is that many stochastic production functions with log-linear disturbances, such as eq. (1) or the con-ventional Cobb-Douglas function, impose the strong constraint of a positive correlation between the use of any input factor and the yield variance (i.e., the level of yield risk) Pope 1978, 1979 ) 1 , which is a rigid assumption and obviously unrealistic. This clearly also has implications for the suitability of conventional estimation procedures, such as fixed effects (FE) or feasible generalized least squares (FGLS) estimation. Moreover, both FE and FGLS estimation of eq. (1) would not be informative with respect to the specific marginal effect of any input factor on the level of output risk. Hence, a more flexible functional form and a suitable estimation procedure are needed.
Just and Pope model
Following Pope (1978, 1979) , we develop a flexible non-linear fixed-effects panel data model, which is suitable for separately analyzing each input factor's marginal contribution (considering both standard and climate inputs) to the mean yield as well as to yield risk in Chinese grain farming without imposing constraints on the signs of the coefficients. Based on Just and Pope's generalized production function, our model is specified as follows: (2) A major property of the model in eq. (2) is that the expected yield (oft also referred to as mean yield) and the variance of the yield (yield risk) are determined independently:
(3)
In eqs. (2)-(4), y it , x kit and α k have the same definitions as in eq. (1), x mit denotes a standard input factor, which can influence the risk level, and β m is the corresponding coefficient. t is a linear time trend and γ consequently is a coefficient capturing the influence of tech-1 Pope (1978, 1979) also provide detailed proof.
2 Given that technology is only relevant for the production process itself, the time trend has only been included in the mean yield component of eq. (2). Furthermore, introducing a time trend into the variance component of the model might lead to collinearity because of a likely correlation between climate change and time. nological progress 2 . and are polynomial functions modeling the impacts of different climate variables on the mean and the variance of yield, respectively. Thus, the vector contains climate variables, which are deemed important for the determination of mean yield, whereas the vector comprises climate variables, which are likely to affect yield risk. e it now is a stochastic error term following the standard normal distribution. Just and Pope (1979) also proposed a three-stage procedure for consistently estimating models based on their flexible functional form, which we will apply with some modifications that account for the panel-data nature of our study to estimate eq. (2): (I) non-linear least squares estimation of the mean yield (eq. (3)) with province dummies included, (II) estimation of eq. (4) as a fixed-effects model using the residuals from the first stage as dependent variable, and (III) re-estimation of the mean yield utilizing a generalized non-linear least squares model with the estimates from stage (II) serving as weights and again with province dummies included.
Introducing province dummies on stages (I) and (III) and resorting to fixed effects estimation on stage (II) is necessary because China's provinces, which will be our panel units, are quite heterogeneous in terms of geographical features, climate regimes, economic development and various other aspects. However, the climatic differences and the differences with respect to cropping systems between the country's subtropical south and its temperate northern part are likely to make a decisive difference with respect to the impact of climate change (Lin 1992; Wang et al. 2009 ). Specifically, the main grain in South China is rice and usually more than one cropping season per year is possible, while the main grain in North China, where usually only one cropping season is possible, is wheat. Rice generally prefers high temperatures, a high-humidity environment and short durations of sunshine, while wheat grows better under long durations of sunshine and a relatively dry weather. Therefore, we will split the sample into northern 3 and southern 4 prov-inces and will separately apply the above procedure to those subsamples.
Impact analysis
From a policy perspective it is particularly important to quantify the change in output following a marginal change in climate. Drawing on the mean yield function (eq. (3)) we can calculate the change in mean yield following a 1°C increase in annual average temperatures or a 1 mm increase in total annual precipitation as follows: (5) Where is the change in mean yield induced by a change in climate factor c (annual average temperature or total annual precipitation). y denotes the average mean yield of the considered set of provinces in the last year of the data set. By multiplying the change in yield by the total area under grain cultivation and by the average price of grain products, it is furthermore possible to quantify the corresponding total monetary benefit.
Data
A data set for a panel of 26 Chinese provinces comprising variables relevant for grain production and climate information from 1985 through 2009 is used to carry out the analyses in this study. The main variables regarding grain production, which are used for the regressions, include yearly observations of grain yield 5 (t ha -1 ), grain acreage (ha), rural laborers per unit area of land under grain cultivation (persons ha -1 ), irrigated share of the grain acreage (%), power of agricultural machinery per unit area of land under grain cultivation (w ha -1 ) as well as fertilizer use per unit area of land under grain cultivation (t ha -1 ), while the data on climate consist of monthly observations with respect to temperature (°C) and precipitation (mm m -2 ). The data set is constructed from various issues of the China Statistical Yearbook (National Bureau of Statistics of China 1986-2010).
Except for the land area under cultivation, the available raw input data generally represent aggregate input use regarding all subsectors of a province's agriculture and are thus not specific to grain farming. In order to approximate the province-specific quantities of labor, fertilizer and machine power as well as the size of the irrigated area used for the production of grain, the total input quantities have been multiplied by the share of the grain acreage in total cropland, which entails the simplifying assumption of equal input use per unit area of land for all crops. In the cases of labor and machinery, we furthermore acknowledge that these inputs are also substantially used in parts of agriculture not related to crop cultivation. Consequently, we adjust them a second time by also multiplying them with the share of crop output value in total agricultural output value. Similar adjustment procedures have also been applied by Zhang and Carter (1997) and Lin (1992) . Summary statistics of grain yield, the derived input variables and the average climate conditions are presented in Table 1 .
Figs. 1 and 2 show the development of aggregate grain output and of grain yield in North and South China.
In this study we use the climate observations of the provincial capital cities as proxies for the average c l i m a t e o f t h e c o r r e s p o n d i n g provinces. We acknowledge that the temperature data might be affected by the urban heat island effect but we assume that this effect takes the form of a constant mark-up on the average temperatures of the surrounding rural areas over the limited Input variables derived as described in Section 3(change another expression according the descriprition in the paper). time period analyzed here. Consequently, the intercept in the regressions should capture most of this effect as long as the climate variables are linear. The results of Li et al. (2004) support our assumption as they find that, while the urban heat island effect certainly exists, the difference between the decadal warming trends of urban and non-urban measurement stations is minor.
From the available monthly climate data we construct a total of four different climate variables. The most elementary ones are the annual average temperature and the total annual amount of precipitation. Additionally, because climate change does not only change mean climate conditions but also affects the largely unpredictable climatic variability, which might be particularly relevant with respect to yield risks, we construct measures of aggregate deviation from longterm trends. They can be algebraically denoted as follows: (6) Where AGDEV cit represents the aggregate deviation of climate factor c (temperature or precipitation) in province i during year t from the linear trends of the individual months. c its are actual climate observations for month s in the respective year and province and are estimates obtained by calculating a linear trend for month s in province i over the time period under consideration in this study 
ESTIMATION RESULTS AND DISCUSSION
Model comparison
For the estimation of the yield functions, it is important to correctly specify the climate functions and . In particular, some studies arrived at the conclusion that the impacts of climatic changes (particularly of changes in temperatures) are of a non-linear nature (e.g., Quiggin and Horowitz 1999; Horowitz 2009; Schlenker and Roberts 2009 ). Hence, we estimated the Just and Pope models both with and without inclusion of quadratic temperature and precipitation terms into the mean yield component of our model. The results revealed that when quadratic terms are included, none of the quadratic terms and nearly none of the first-order terms are statitistically significant. In contrast, without inclusion of quadratic terms all first-order terms are statistically significant, as is reported in Table 1 . Hence, the specification without quadratic terms is obviously superior to the specification with quadratic terms. This might be caused by the fact that we use highly aggregated data in our samples, which might have smoothed away the nonliearity and might also result in relatively small variances of annual temperatures and precipitation levels. Given the above arguments, we only report the results of the models, which feature only the first-order terms of the climate variables.
The regression results of our multi-stage analysis are presented in Table 2 . Models A and B use FGLS estimation whereas Models C and D report the results of the Just and Pope estimation procedure. In both cases the results are presented separately for North and South China 6 . In general, the signs of the coefficients of the significant climate variables are not contradictory between the FGLS and the Just-Pope models, even though their results are not directly comparable due to the aforementioned constraint on the marginal contributions to the output variance of the model in eq. (1) Pope 1978, 1979) , which affects the FGLS results. Hence, it does not come as a surprise to find that Model B is unable to identify any climate impacts on grain production in South China, whereas Model D1 clearly shows that climate factors play a significant role . Trend significant at 1%-level, coefficient: 0.0578, t-value: 22.10. 6 F-tests reject the null-hypothesis of there being no significant difference between the provinces for both the northern and southern samples. Therefore, irrespective of the sample, the introduction of province dummies is warranted. Furthermore, LR-tests also reject the null-hypothesis of there being no significant differences between North China and South China, which supports our approach of separating the national sample into a North China and a South China sub-sample. The validity of the LR test and the F-test in a non-linear regression context is confirmed by Wooldridge (2002). in that region 7 .
Specifically, the above constraint on the FGLS model could also be responsible for the negative marginal effect of labor in North China (Model A), which seems to be contrary to traditional economic theory. It cannot be ruled out that the coefficients in Model A and B confound the contributions to mean yield and to yield risk and might thereby lead to wrong policy conclusions, as the point estimate of the marginal labor effect in the mean production function (Model C1) is positive, but that in the risk function (Model C2) is negative. It again shows the deficiency of normal production functions. In addition, the fact of over-input of labor forces in China is realistic.
Because the Just and Pope models are not affected by this constraint and additionally allow us to identify the marginal contributions of individual input factors to the level of yield risk (yield variance), we generally consider them superior to Models A and B.
Mean yield function
Regarding the marginal contributions of the standard physical input factors to mean yield, we find a similar pattern for North China (Model C1) and South China (Model D1). The amount of fertilizer per unit area of land as well as the irrigated share of the grain acreage reaches positive and highly significant output elasticities for both samples. This implies that increasing the use of chemical fertilizer and an expansion of irrigation can significantly increase mean grain yields in China.
Other regular input variables, such as the grain acreage, which in a yield regression captures scale effects, the number of laborers and the use of machinery per unit area of land have no significant impacts on mean yield at the margin. All these results are plausible and consistent with the current literature (e.g., Lin 1992; Yu and Zhao 2009; Ji et al. 2012) , in which particularly machinery and labor input levels are believed to have reached a saturation point in Chinese agricultural 7 R-squared values in Models C2 and D2, which are not so high, imply that the explanatory power of the risk function is not so high. It makes sense, because of the nature of production risks, most of which cannot be captured by farmers or economists. In addition, due to the nonlinear nature, high R-squared values in Models C1 and D1 do not necessarily imply high explanatory power of the meanproduction function. 
t-value
Coeff.
Coeff. A time trend is included in the mean yield functions in order to capture the technological change in agricultural production, but it is excluded from the risk functions due to possible collinearity with climate variables.
Fixed-effects dummies are included in all regressions, but are not reported. * significant at 10% level; ** , significant at 5%-level; *** , significant at 1% level. production. However, since this study is focused on climate impacts, the regular input factors will only be discussed in as far as their results are related to the climate factors under consideration.
In particular, it emerges that with an output elasticity of 0.262, North China could benefit considerably from expanding the share of its grain acreage under irrigation, which stands in contrast to the relatively small elasticity of 0.136 in South China. We attribute this to the fact that North China is more frequently affected by droughts and generally is a much more arid region than South China, precipitation is relatively abundant. However, any long-term benefits from increasing the irrigated share of the grain acreage are certainly conditional upon sufficient water availability, which cannot be taken for granted since the North suffers from a marked scarcity of surface water and already has to obtain a substantial part of the current irrigation water from ground water sources, which in turn has led to a drastic lowering of the ground water table in some regions, for example in the North China Plain and other northern regions (Smit and Cai 1996; Wang et al. 2010) .
Comparing the marginal impacts of the climate factors on mean yield, it turns out that the impacts on North China are slightly different from those on South China. With respect to the northern provinces we find that a higher annual average temperature would have a negative and significant effect on mean yield (coefficient: -0.017) and that a higher total annual precipitation would increase mean yield (coefficient: 0.0003). For South China, the marginal effect of the annual average temperature is also negative and statistically significant (coefficient: -0.012), whereas increases in total annual precipitation would decrease mean yield (coefficient: -0.0001).
The results regarding the negative impact of higher annual average temperatures might not be immediately intuitive, but are consistent with the current literature (Xiong et al. 2007; Mendelsohn 2009; You et al. 2009 ). Wang et al. (2010) offer an explanation by pointing out that higher temperatures, ceteris paribus, also increase the water requirements in agricultural production due rising evaporation and transpiration losses, which in our case is aggravated by the fact that water resources are generally scarce in China, particularly in North China (Brown 1995) . Correspondingly, Wang et al. (2010) also find that farmers without access to irrigation are particularly vulnerable to increases in temperature. However, as compared to North China, South China has more water resources, so that the negative impact of increasing temperatures is smaller in the South.
In light of its serious water scarcity, it is also reasonable to find that North China could benefit from increases in precipitation, which would alleviate this problem and would hence improve grain yields. However, more precipitation in South China might harm grain production as it could cause floods.
It furthermore turns out that the variability of precipitation, as measured by our aggregate deviation variable, significantly influences grain yields in North China, which is likely due to the fact that particularly negative deviations of precipitation from the trend, perhaps in form of droughts, could have severe effects on grain production. Obviously, the possibly beneficial effects of positive deviations cannot compensate for this. Due to the good local irrigation system (Wang et al. 2010) , South China might better be able to compensate for negative deviations and might even benefit from positive deviations as long as they do not turn into destructive floods. Hence, the overall effect of an increasing aggregate deviation of precipitation from current trends on grain yields in South China is positive. However, it is not statistically significant.
Regarding temperature variability, we cannot find any significant impacts on the mean grain yield in either North or South China.
Marginal climate change impacts
Drawing on the results just described and using information on grain production in the last year of our data set, we can calculate the economic net benefits or net losses of Chinese grain farming following marginal increases in annual average temperature and total annual precipitation. The results are reported in Table 2 .
In 2009, North China was characterized by an average grain yield of 4.46 t ha -1 . Hence, drawing on the respective climate coefficients from Model C1, a 1°C increase in annual average temperature would reduce North China's grain yield by around 0.078 t ha -1 , whereas a 100 mm increase in total annual precipitation would increase it by 0.134 t ha -1 . The changes correspond to a 1.74% decline and a 3% improvement, respectively. Given that the grain acreage in North China amounted to approximately 59.41 million ha in 2009, the changes in yield imply changes in total output of -4.61 million t for the change in temperature and of +7.95 million t for the change in precipitation. Assuming an average grain price around 1.762 CNY kg -1 for 2009 (National Development and Reform Commission of China 2010), the corresponding economic gains (losses) would be around -8.1 billion CNY (-1.19 billion US$ 8 ) and +14 billion CNY (2.05 billion US$), respectively.
Based on South China's average grain yield of 5.12 t ha -1 in 2009, the effect of a 1°C increase in annual average temperature would be a decrease in grain yield of around 0.06 t ha -1 , which would represent a 1.2% decline. Given the fact that South China featured a grain acreage of approximately 46.46 million ha, the corresponding change in output and value of output would be around -2.83 million t and around -5.0 billion CNY (-730 million US$), respectively. By similar calculations, we find that an increase in total annual precipitation by 100 mm in South China would reduce grain output by 1.22 million t, or 0.59 % of the grain output in that region, which has a value of 2.14 billion CNY (310 million US$).
Adding up the gains and losses of North and South China, we find that a 1°C increase in annual average temperature would reduce grain production in China as a whole by around 7.45 million t, which amounts to 1.45% of China's total grain production, and would have a value of 13.1 billion CNY (1.9 billion US$). A 100 mm increase in precipitation however would increase grain output by 6.73 million t, which corresponds to 1.31% of current national grain production and would have a value of 11.86 billion CNY (1.74 billion US$).
Yield risk function
Our analyses of yield risk in Chinese grain farming by means of Just and Pope's procedure (Models C2 and D2 for the northern and southern provinces, respectively) reveal that several of the standard physical input factors have a highly significant influence. Generally we acknowledge that yield risks are typically rather specific to the operational environment of farmers, to their specific crops and personal experiences in handling risks. Nevertheless, using a highly aggregate analysis (provinces as panel units and aggregate grain yield as dependent variable) we find that that a higher irrigation share in North China would lead to a reduction in yield risk and that an increasing use of fertilizer might increase yield risk. Both would be reasonable due to the relative water scarcity in North China that renders using large amounts of fertilizer a risky procedure and that could at least partially be compensated for if a larger share of the grain acreage could be irrigated. For South China, we find that increases in the input levels of labor and machinery can significantly reduce the yield variance, which does make sense as more labor or machinery could allow producers to compensate for other downside risks in the long process of agricultural production. It is however puzzling that the share of irrigated land is positively correlated with the yield variance, which is the opposite of what we find for North China. A possible explanation might be that an overcapacity of irrigation in South China could incentivize producers to inconsiderately convert non-8 Average official exchange rate in 2009: US$ 1 CNY 6.83. Source: People's Bank of China, http://www.pbc.gov.cn/publish/html/2009s08.htm irrigated land into irrigated land, so that the newly planted crops, such as rice, are unsuitable on that land, which would render them very susceptible to environmental influences.
In accordance with our earlier assumption that climatic changes affect yield risk, it emerges that increases in temperature and precipitation could both significantly reduce the yield variance in South China. The reason might be that an increase in temperature generally implies a decreasing probability of extreme cold events, which would be harmful for crops particularly in South China. Moreover, due to its better irrigation systems, South China should be able to employ increasing precipitation quantities in a productive way, which could help to reduce the probability of drought losses. Probably because the conditions in North China are considerably different, the corresponding impact on North China is not statistically significant.
Moreover, we find the coefficient estimates for temperature and precipitation variability to be positive both in North and South China, which is consistent with our assumption that increasing climatic variability would increase the yield risks. However, they don't reach conventional levels of significance.
CONCLUSION
This paper has contributed to the current literature in several ways. We have used recent data to analyze the influences of annual climate factors and of climatic variability on grain yields in China. In particular, we have modified the method of Pope (1978, 1979) to be able to separately determine the marginal contributions of both regular input factors and climate factors to mean yield and to yield risk in a panel data context.
Our results have several implications for Chinese agricultural and climate-related policies. In an environment already characterized by a changing climate, a stabilization or expansion of grain yields can in both North and South China be achieved by increasing the quantity of fertilizer per unit area of land under grain cultivation, even though China already possesses the most fertilizer-intensive agriculture in world. However, it should also be kept in mind that further increments in the application of fertilizer could have adverse impacts on the environment, which could have a severe negative impact on agriculture in the long-run. Moreover, since China is characterized by a relative water scarcity, it would benefit from increasing the percentage of its grain acreage under irrigation, particularly in the northern regions. Hence, building irrigation infrastructure and securing a steady and sustainable water supply for this irrigation are both important challenges.
One of the main results with respect to the influences of the different climate factors is that North and South China will be differently affected by climatic changes. Specifically, both North and South China would experience decreasing mean yields as a consequence of rising annual average temperatures, but the northern part would be more severely affected, which is consistent with the current literature (Xiong et al. 2007; Mendelsohn 2009; You et al. 2009 ). Here, the different water availability in the two regions again seems to play a crucial role, which is also supported by the finding that the relatively water scarce northern provinces would likely benefit from increasing annual precipitation quantities, whereas the southern provinces, where water is relatively abundant, could be adversely affected. Moreover, we find that an increasing variability of precipitation, as measured by our aggregate deviation variables, would likely reduce mean yield in North China but would have no significant impact on South China.
Regarding the influence of climate factors on yield risk, our main findings are that increases in temperature and precipitation can significantly reduce yield risks in South China, but have no significant impacts on yield risk on North China. In addition, we find that the variabilities of temperature and precipitation are positively correlated with the yield variances. However, the relationships are not statistically significant.
Overall, we arrive at the conclusion that global warming would on the one hand reduce grain output in China as a whole, but on the other hand might have the benefit of reducing yield risks in South China.
Moreover, our results also allowed us to calculate the economic losses of a marginal increase in annual average temperature. It emerges that grain output, ceteris paribus, would decrease by 4.6 million t in North China and by 2.8 million t in South China in a scenario of a 1°C increase in annual average temperature. Hence, the national loss would be 7.44 million t, which corresponds to 1.45% of current grain production and would have a value of 13.1 billion CNY.
Moreover, we find that grain output, ceteris paribus, would increase by 7.95 million t in North China but would decrease by 1.22 million t in South China in a scenario of a 100 mm increase in total annual precipitation. In total, the national output would increase by 6.73 million t, which would amount to 1.31% of current grain production with a value of 1.74 billion CNY.
This study is consistent with the current literature, which finds that China would suffer losses in grain production from global warming. Given the immense size of the Chinese population, the Chinese government should take active measures to alleviate the negative impacts of global warming to ensure food security.
